In the context of big scholarly data, various metrics and indicators have been widely applied to evaluate the impact of scholars from different perspectives, such as publication counts, citations, h-index, and their variants. However, these indicators have limited capacity in characterizing prospective impacts or achievements of scholars. To solve this problem, we propose the Academic Potential Index (API) to quantify scholar's academic potential. Furthermore, an algorithm is devised to calculate the value of API. It should be noted that API is a dynamic index throughout scholar's academic career. By applying API to rank scholars, we can identify scholars who show their academic potentials during the early academic careers. With extensive experiments conducted based on the Microsoft Academic Graph dataset, it can be found that the proposed index evaluates scholars' academic potentials effectively and captures the variation tendency of their academic impacts. Besides, we also apply this index to identify rising stars in academia. Experimental results show that the proposed API can achieve superior performance in identifying potential scholars compared with three baseline methods.
I. INTRODUCTION
There are many perspectives to profile a scholar, such as academic age, research field and academic reputation. In recent years, many methods have been proposed to evaluate scholars' academic impacts. It is widely recognized that the number of publications or citations is the most direct and simple way to reflect a scholar's productivity and achievement [1] . In spite of its simplicity and popularity, there are limitations on adopting citation count as the only indicator for assessing scholar's influence [2] . For example, senior scholars tend to have more citations than juniors. Besides, previous studies mainly focus on quantifying scholars' present impacts, without reflecting future potentials. Taking the well-known h-index [3] as an example, the index only considers the quantity of papers in terms of citations, while ignoring scholars' contributions to these papers and the quality of citations.
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For instance, being cited by scholars with high academic reputation is likely more significant than by ordinary individuals.
Extensive studies have been conducted on academic impact assessment, which can be used for job matching, collaborator recommendation, and research funding allocation, etc. While a wide range of indicators have been proposed to evaluate scholar's academic impact or prestige, it is significant to propose an indicator reflecting scholar's academic potential, for both scholars themselves and academic institutions. Scholars' academic potentials are reflected by predicting the papers' qualities they published in the future, which is distinguished from indicators for evaluating scholar's current impact. In other words, the higher the quality of published papers in the future, the higher the academic potential of scholars. Evaluating academic potential can be applied in many situations, such as research funding, advisor recommendation and position evaluation. Therefore, this paper proposes Academic Potential Index (API) to quantify scholars' academic potential. VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ According to Tessa Lansu, a psychologist from Radboud University Nijmegen [4] , ''popularity has to do with being the middle point of a group and having influence on it.'' The literal meaning of activeness means that a person is engaged in active work, which can also be described as ''liveliness,'' ''briskness,'' or ''diligence''. Motivated by [5] , the indicator popularity in this paper is related to the citations a scholar has received. Similarly, activeness corresponds to the behavior of citing others. Based on this concept, several metrics are considered to quantify scholar's academic potential in terms of papers and citations. First, scholar's contribution to their papers and the impact of theses papers are considered as their academic achievements, which are used to initialize the value of popularity and activeness. Then, citations are used to quantify the degree that a scholar attracts others in the academic social network. Therefore, based on the scholar-citation network, we propose an indicator named Attractiveness to calculate the value of influence of each scholar on others. Attractiveness between any two scholars is related to the following three factors: popularity, activeness, and the similarity between their research fields. Based on a well-known algorithm named HITS [6] , we present scholar's popularity analogous to the authority, and activeness to the hub in HITS. The similarity between scholars' research fields can be quantified by the relative positions in author-citation network. Finally, the value of a scholar's API can be calculated by his/her Attractiveness and others' h-indices.
API is a dynamic value throughout a scholar's academic career, which is different from year to year. Besides, another advantage of API is that it is not affected by the academic age of scholars. This characteristic makes the proposed algorithm universally applicable to assess academic potential of scholars at any scientific stages. From the perspective of input-output ratio, we can conclude that scholars who have higher academic potentials are worthy of cultivating and investing, especially at the beginning of their careers. As a consequence, it will be significant to profile a scholar's academic potential, which is not affected by his/her academic age.
The contributions of this paper includes: 1) Propose a new indicator named Academic Potential Index (API) to quantify scholar's academic potential regardless of academic age. 2) Devise an algorithm to calculate the proposed API, which can be easily implemented on any academic social networks. 3) Examine the effectiveness of the proposed algorithm in different academic fields. 4) Identify academic rising stars using the proposed algorithm. The rest of this paper is structured as follows. Section II presents some related studies and Section III describes the framework of the proposed algorithm. Experimental results are introduced in Section IV. Finally, we conclude this work in Section V.
II. RELATED WORK
Recent years have witnessed the development of applying academic social network to evaluate the impact of academic entities, such as authors, publications and journals [7] - [9] . As for ranking of authors, the methods based on the structure of academic social network can be divided into iterative methods and non-iterative methods [10] .
A. ITERATIVE METHODS
Most iterative methods mainly extend PageRank and HITS algorithms to evaluate the impact of academic entities [7] , [11] , [12] . Initially, PageRank [13] is an iterative algorithm used by search engine, which can rank webpages according to their importance. Subsequently, these algorithms have been applied to evaluate scientific impact in many studies. By modifying the PageRank algorithms, papers can be more suitable to be ranked in various academic networks [2] . In order to find milestone papers, Mariani et al. [14] proposed a metric by combining PageRank centrality with the explicit requirement that paper score is not biased by paper age. Zhang et al. [15] proposed a topic-dependent model to evaluate academic impact of scientific papers. According to the citation relationships of papers and authors, Zhou et al. [16] constructed a directed author-paper interactive bipartite network. They propose an iterative algorithm to quantify the scientists' reputation and the quality of their publications via their inter-relationship on this network. Besides, Bai et al. [17] developed a higher-order weighted quantum PageRank algorithm to quantify the impact of scholarly papers.
B. NON-ITERATIVE METHODS
For non-iterative methods, scholars are usually ranked by considering topological features. With the popularity of using impact factor to evaluate the authority and popularity of journals [18] , [19] , using impact factors to quantify the impact of scholars is gradually emerging. For example, Pan and Fortunato [20] proposed a dynamic indicator named author impact factor (AIF) to evaluate the scholars' impact currently, which is the extension of the impact factor [21] to authors. Among all the statistic analysis of evaluating academic impact, both homogeneous and heterogeneous academic networks provide a simple and direct way to identify the influential and popular scholars. Zhu et al. [22] evaluated scholar's scholarly impact with diverse racial/ethnic groups. Recently, by analyzing the highly-cited papers in different kinds of journal, Antonoyiannakis [23] analyzed the effect that a single paper has on the impact factor of this journal.
III. DESIGN OF API
This section first introduces the networks used in the experiments. Moreover, the framework of calculating the scholars' API and relevant variables are presented.
A. CONSTRUCTION OF THE SCHOLAR-CITATION NETWORK
By regarding scholars as nodes and the citation relationship between scholars as edges, a weighted and direct network G = (V , E) can be derived, where V is the set of scholars and E ⊆ V × V is the set of relationships. Specifically, the directed edge from scholar i to scholar j denotes that i has cited j's publications and the weight w ij denotes the times scholar i has cited scholar j.
B. CALCULATION OF RELEVANT VARIABLES 1) CALCULATION OF SCHOLAR'S POPULARITY AND ACTIVENESS
Scholar's popularity and activeness are key factors that evaluate Attractiveness between two scholars. The calculation formula of popularity is defined as
where A k and B i are two sets of nodes whose elements are the nodes pointing to k and the nodes pointed by i respectively. w ik is the number of scholar i having cited scholar k and l∈B i w il is the total number of scholar i having cited others. The calculation formula of activeness is defined as
where B k and A i are two sets of nodes whose elements are the nodes pointed by k and the nodes pointing to i respectively. w ki is the number of scholar k having cited scholar i and w li is the total number of scholar i having been cited by others. These two equations are inspired from HITs [6] . As the above two equations alternately operate, pop k and act k converge to fixed values gradually.
2) INITIALIZATION OF SCHOLAR'S POPULARITY AND ACTIVENESS
In the process of initializing the popularity and activeness of scholars, we choose the paper-citation network, which is different from scholar-citation network. This is a singledirected, acyclic and unweighted network, where the nodes represent papers and arrows represent reference relationships.
The initialization of scholar k's popularity and activeness are both calculated by Eq.3 and get the same original value represented by R k uniformly. Based on the paper-citation network, some related factors of every publication i in paper collection P k of scholar k are used: the contribution of scholar k in paper i, which is denoted by ORD k,i ; the rank of paper i in all articles of scholar k, which is denoted by PR i and the journal impact factor of the journal in which the paper i is published, which is denoted by J i . The calculation formula of R k and related factors are defined as follows:
In the above definitions of variables, we denote r k,i and n i as the order of scholar k in paper i and the total number of the authors in paper i respectively [24] . Inspired by PageRank [13] , [25] for bibliographic networks, we use Eq.5 to calculate the value of PR i , denoting s = 0.85 as a constant damping factor. N is the total number of nodes in the paper-citation network, j is one node of the nodes set C i who has cited paper i and O j is the outdegree of node j. In the process of calculating PR i , we first initialize the value of PR i of every paper i, and get the preliminary value of PR i through many times of iterations. It should be noted that the preliminary value of PR i needs to be normalized at every step. Besides, the value of J i in every year can be calculated with Eq.6 [21] , where y is the year of publication i. Cit y−1 and Cit y−2 is the citation counts journal received in year y − 1 and y − 2 respectively, and Pub y−1 and Pub y−2 is the number of publications journal published in year y − 1 and y − 2 respectively.
3) CALCULATION OF SIMILARITY BETWEEN TWO SCHOLARS
The value of sim ij suggests the similarity of the research field between two scholars, which is also an important factor that influences the Attractiveness between them. The way of calculating similarity between two scholars has mainly two perspectives, i.e. publications and locations in a network. From the perspective of publications, we extract the abstract information by doc2vec [26] . By concatenating all the abstracts of the papers as the vector of the scholar, we calculate the cosine values of these two scholars' vectors as their similarity. From the perspective of locations in networks, we utilize a method called Jaccard Similarity Coefficient [27] . The calculation of similarity between scholars is also based on the scholar-citation network. The final value of these two methods is between 0 and 1, and the closer this final value is to 1, the higher similarity these two scholars have. In this paper, Pearson Correlation Coefficient between the value of API and the citation counts accumulated in the next 5, 10 and 15 years is selected as the metric to measure the performance of different similarity methods. Besides, running time is another important evaluation metric for comparison.
As the final experimental results shown in Fig. 1a and 1b, it can be demonstrated that Jaccard Similarity Coefficient can greatly reduce the running time, with similar performance compared with cosine similarity. The method of cosine similarity needs all abstract information of the papers between each two scholars, which took up lots of storage space and consumed abundant operation times. The calculation of Jaccard Similarity Coefficient only needs the common neighbors between two scholars in a network, so the similarity between two scholars whose shortest path is greater than 2 is 0. This characteristic can reduce the quantity of calculation to a great extent. Therefore, Jaccard Similarity Coefficient is finally selected as the method of calculating similarity between two scholars.
C. ATTRACTIVENESS
Attractiveness is an indicator measuring scholars' ability of attracting citations from others. Every scholar will be attractive to all other scholars, and the Attractiveness from scholar i to scholar j is totally different from that from scholar j to scholar i, which is denoted by At ij and At ji respectively. The equation of Attractiveness At ij from scholar i to scholar j is defined as
D. ACADEMIC POTENTIAL INDEX Academic Potential Index is an author-level index for measuring scholars' academic potential. The index is dynamic from year to year. The specific computational formula of API is defined as
where scholar j belongs to S i , the set of all remaining scholars in the scholar-citation network except scholar i. At ij is the Attractiveness from scholar i to scholar j, and h j is the h-index of scholar j. Algorithm 1 presents the process of calculating API i . pop i and act i were initialized with R i first (Line 1), and their values were calculated iteratively according to Eq. 1 and Eq. 2 until the convergence condition is satisfied (Line 2, 4 and 7). Then, for every two scholars i and j, we can get the Attractiveness between them in Eq. 7 (Line 12). Finally, API i can be calculated according to Eq.8 (Line 15). Besides, the flow chart of our algorithm is shown in Fig. 2 .
IV. EXPERIMENTS
In this section, we elaborate on the dataset adopted in our experiments and some filtered conditions in detail. The program language used in the process of data cleasing is Python, and the software is PyCharm. Besides, experimental settings 
Algorithm 1 Potential Scholars Mining Algorithm
Require: initial value R i for each node i ∈ V , similarity sim ij for each pair (i, j) ∈ E, convergence condition: relative error < 10 −4 Ensure: API i for i ∈ V 1: pop i = act i = R i for each node i ∈ V 2: while convergence condition is not satisfied: do 3: for each node i ∈ V do 4: calculate pop i according to Eq. 1 5: end for 6: for each node i ∈ V do 7: calculate act i according to Eq. 2 8: end for 9: end while 10: for each node i ∈ V do 11: for each node j ∈ V do 12: calculate At ij according to Eq. 7 13: end for 14: end for 15: calculate API i for each node i ∈ V according to Eq. 8 in each experiment are also described separately. Finally, the experimental results in each field are presented.
A. DATASET
In this paper, we choose scholars from the Microsoft Academic Graph (MAG) dataset. It covers not only information of scholars and papers from various fields, but also detailed matching relationships such as author-paper, paperfield, paper-venue. Besides, MAG classified the papers into 6 levels, and each level contains different number of subfields. More detailed information about the field division is shown in Table 1 . Table 1 shows the number of subfields in different levels of 19 fields. Considering that the scale of this dataset is large, we first select scholars from three fields: computer science, biology and psychology. The technical span of this three areas are relative large, and their citation behaviors are different. Therefore, the experimental results in these three fields can cover most scholars in a large part. Because each scholar in the latest MAG dataset has been assigned with a unique ID number, the problem of name disambiguation can, to a great extent, be eliminated. Due to the consideration of journal impact factor (JIF), all conference publications are excluded.
In these three fields, we choose scholars who published their first paper in 1970. In order to find scholars who keep researching in academic for a long time, we select scholars whose academic age at least 10, and the number of papers and citations are more than 20. This process of data cleaning can filter schoalrs who have published few papers, and those who publish papers only for master's or bachelor's degrees. After filtering the scholars whose values of API are equal to 0, we finally keep 878 scholars in computer science, 3515 in biology and 907 in psychology.
B. EXPERIMENTAL SETTINGS 1) DEMONSTRATION OF ACADEMIC POTENTIAL
Since variables such as pop and act are normalized during the calculation process, the preliminary value of the API is so tiny that is indistinguishable to compare. Therefore, the preliminary values are first rescaled into a number between 0 and 100 uniformly, and then take the logarithm of them, which makes it explicit to observe the relationship between scholars' API in every year.
Naturally, as the number of citations changes with the number of papers and the time of publication, the API of scholars will change over time. In other words, the API of a scholar is a dynamic indicator whose value is different from year to year. Accordingly, after filtering out scholars whose value of API equal to 0 (scholars who are not cited by others), the values of API of the rest were analyzed. In order to highlight the characteristic of API, we compare the distribution of the h-index [3] and Author Impact Factor (AIF) [20] of these qualified scholars during 1970-2017. H-index is a common metric evaluating the scholar's academic achievement, which is calculated as scholar has h publications with at least h citations in each publication. AIF is an extentinon of Journal Imapct Factor, whose equation in shown in Eq. 6. This indicator can only charaterize the current academic impacts, instead of potentials. Among the experiments, scholars with high journal impact factor (JIF) of their papers in the next 5 years are regarded as high potentials. Therefore, a curve on the actual scatter diagram was fitted, and an indicator R 2 was introduced to quantify the error between the fitted curve and the actual distribution. R 2 is the denotation of the coefficient of determination ranging from 0 to 1. The closer R 2 to 1, the better the fitted regression equation.
TABLE 2. Comparison of Pearson Correlation Coefficient between each indicator and the citation counts in the next # years.
It is considered that the higher the quality of papers published in the next few years, the higher academic potential scholars have. In order to verify the inference obtained above, the Pearson Correlation Coefficient was further calculated to measure the correlation between the citation counts and the above methods (h-index and AIF) during different years for comparison. The value of Pearson Correlation Coefficient varies from −1 to 1 with correlation ranging from total negative linear to total positive linear. As shown in Table 2 , the value of API in each time interval is the highest among the three methods. Therefore, it is easy to distinguish API from h-index and AIF. Our proposed indicator can largely reflect the scholars' academic potential in the next few years, whereas other methods cannot.
Moreover, an indicator was provided to quantify highly-cited papers whose citations exceed Y . The equation of calculating indicator Y is defined in Eq. 9, where i denotes a scholar in scholar set N , and P i denotes the set of scholar i's papers whose citations should in top 30% throughout the first 15 years of his academic career path. k is one of the papers in set P i , and C ik denotes the citation of paper k received by scholar i, |P i | denoting the number of papers in set P i and |N | denoting the number of scholars in set N .
In general, the total number of scholars' citations will accumulate with the growing of academic age [28] . Therefore, the academic ages of all scholars are obtained and the relationship between scholars' age and their value of API is analyzed. Finally, to compare the scholars with different API, the scholars are divided into three categories according to their value of API in 2002: low API (bottom 70%, 0 < A i < 1), medium API (middle 20%, 1 < A i < 10), and high API (top 10%, 10 < A i < 100).
2) DISTRIBUTION OF ACADEMIC POTENTIAL INDEX
As the APIs of scholars vary from year to year, the values of their APIs during their academic careers from 1970 to 2017 are calculated to observe the variation trends. The maximum value of their APIs from 1970 to 2017 is selected as the representative value, and the distribution of scholars with different values of API can be observed.
Despite that scholars all start their academic careers in 1970, their APIs start (unequal to 0) from different years.
The first year of having their nonzero values of API can be simplified as the term ''first-API year'' in the later. If a scholar's API is equal to 0 in a year, it denotes that he/she has not shown his/her potential in that year. As for the scholars whose first-API year is in their later academic career, it is considered that these scholars are inactive and unattractive. By classifying the scholars according to the first-API year, the scholars are divided into two categories: one category consists of scholars whose first-API year are between 1971 and 2000, and the other includes the remainings whose first-API year are after 2000. In order to analyze most representative scholars, this research mainly focuses on the scholars in the first category.
Due to the fact that different scholars vary greatly in the values of API, from 10 −15 to 10 −2 , the logarithm of the final value of API is taken. Then, statistics are done on the number of scholars with different values, and it is found that these scholars follow a normal distribution.
3) IDENTIFICATION OF ACADEMIC RISING STARS
To further prove the validity of the proposed index, API is applied to identify the academic rising stars. In order to evaluate the performance of our proposed method, we compare the performances of the state-of-the-art methods, which are chosen as the baseline methods for comparison. The details of the above methods are as follows:
• StarRank [29] . This method finds rising stars based on authors' contribution oriented mutual influence and dynamic publication venue scores.
• CocaRank [25] . This hybrid method integrates both the statistical indicators and the topological features to calculate the impact of scholars. The relevant factors include: the value of Coca, citation counts and the importance calculation results on heterogeneous academic networks.
• ScholarRank [30] . This method considers three factors: the citation counts of authors, the mutual influence among coauthors and the mutual reinforce process among different entities in heterogeneous academic networks. First, scholars who start their academic careers in 1970 are selected and the rank of these four methods in 1974 is obtained. The citation counts and the number of published papers during 1990-2000 were calculated. Then, according to the rank of citation counts and paper numbers, we choose top 5%, 10%, and 20% scholars in each rank. After selecting these top scholars in different ranks, we take the intersection of sets composed by different methods and citation counts sets, paper number sets respectively. The more scholars in the intersection, the more academic rising stars can be found.
C. RESULTS AND ANALYSIS 1) DEMONSTRATION OF ACADEMIC POTENTIAL
As shown in Figs. 3a, 3b , 3c, the distribution between journal impact factor and API all follow power law functions with R 2 approximately equaling to 0.53, 0.16, and 0.46 in biology, computer science, and psychology respectively. However, the points in Figs. 3d, 3e, 3f and Figs. 3g, 3h, 3i are randomly scattered. It is indicated from the results that scholars who have relative high values of API will get more citations in the near future, maybe more later. While the value of h-index and AIF cannot reflect their academic impacts in the future.
In Fig. 4 , the scholars' API against their academic ages were plotted, where the points are evenly scattered in biology, computer science and psychology. This phenomenon indicates that the algorithm is equitable and cannot be affected by scholars' academic age and their total number of citations.
Finally, according to the classification of the value of API, we randomly choose one scholar as a representative from each of the three classifications, namely low, medium, and high API. Then, the variation tendency of the number of highly-cited papers, and citation counts of scholar i against the productivity and quality of papers are generally high (see Fig. 5 ).
2) DISTRIBUTION OF API
From the statistical analysis on scholars who have their first-API year from 1971 to 2000, it can be concluded that the value of API is almost irrelevant to their first-API year (see Fig. 6 ). This is because scholars with similar value range of API are placed in a subfigure. Besides, another interesting phenomenon is that most scholars' values of API show a rising tendency in the first few years, and then falls later, despite that they have different first-APIs years. In Fig. 6 , we can see clearly that nearly all curves of scholar's API follow normal distribution in general.
In Fig. 7 , it is found that the number of scholars with different values of API obey normal distribution, where the expectation µ and standard deviation σ are approximately equal to −8.365 and 1.639 respectively.
3) IDENTIFICATION OF ACADEMIC RISING STARS
In the end, by applying API into the identification of academic rising stars, the experimental results on real datasets demonstrate that our method can find more rising stars in each percent of top, compared with other three baseline methods (see Figs. 8) . Therefore, the results can sufficiently demonstrate that the proposed indicator API can be applied into many other practical applications, such as award evaluation, agency employment and allocation of research funds.
V. CONCLUSION
In this paper, we have proposed API to profile scholars from the perspective of Attractiveness. Unlike conventional indicators that only reflect the achievement and impact of scholars in the past, API is capable of quantifying scholars' potential in the near future. Also, API is independent to the academic age of scholars. Experimental results on the MAG dataset demonstrate that the proposed algorithm can effectively quantify the academic potential of scholars. By applying the proposed index API to the identification of academic rising stars, it has shown up to 10% improvement in performance compared with other baseline methods. Therefore, our algorithm is particular useful for funding agencies, peer reviewers, and hiring committees who have to deal with a wide range of applicants.
In order to further verify the universality of API, several heterogeneous academic social networks will be applied to our algorithm, such as paper-author network. As for applications in the real world, API will be applied to recommendation of academic collaborators and scholar-institution matching in the future.
APPENDIX AN EXAMPLE OF CALCULATING API
To better understand the process of our algorithm, we construct a scholar-citation network with only five scholars (shown in Fig. 2 ). For simpicity, values of pop and act are initialized as 1 for each scholar. Final values of pop and act for each scholar are calculated as:
pop m = 2 6 · act i + 5 8 · act p + act q ,
pop n = 0,
act m = 0,
act p = 3 7 · pop i +
After several iterations, pop i = 0.318, and act m = 0, act n = 0.273, act p = 0.364, act q = 0.091. Then, we let sim im , sim in , sim ip , sim iq equal to 0.3, 0.5, 0.1 and 0.7. According to Eq. 7, Values of At im , At in , At ip , At iq can be calculated as:
At in = pop i · act n · sim in ,
At ip = pop i · act p · sim ip ,
At iq = pop i · act q · sim iq .
Then, we can get At im = 0, At in = 0.043, At ip = 0.012 and At iq = 0.02. If we want to calculate the API of scholar i, the specific calculation fomular is:
Assuming that h m , h n , h p , h q equal to 5, 7, 20, 12, respectively. Finally, we can calculate that API i = 0.778.
